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Resumo
Os acelerómetros têm sido amplamente adotados para monitorizar a atividade física
(AF). A sua utilização mais frequente é na determinação do gasto energético (GE)
e da intensidade da AF (IAF), mas mais recentemente começaram a ser utilizados
para predizer a carga mecânica nas estruturas esqueléticas. Contudo, a grande mai-
oria dos estudos de calibração de acelerómetros foi feita com pessoas não obesas,
o que prejudica a sua aplicação na monitorização da AF em doentes com obesidade.
Portanto, o objetivo geral deste trabalho foi o de melhorar a precisão da predição do
GE, da carga mecânica e da determinação da IAF especialmente em doentes com
obesidade. Para isto, o presente trabalho está estruturado em três partes: i) uma re-
visão de literatura em que é feito o enquadramento teórico sobre os acelerómetros,
o seu processo de calibração e a sua utilização para predizer o GE e a carga mecâ-
nica; ii) um artigo original em que foram desenvolvidas equações para predizer o GE
associado à AF e pontos de corte para classificar a IAF em doentes com obesidade
severa; e iii) um artigo original em que foram desenvolvidas equaçõe para predizer
o pico da força de reação do solo (pFRS) com dados de acelerometria em sujeitos
com pesos entre o normal e a obesidade severa. Os resultados revelaram que todos
os modelos de predição desenvolvidos para o GE e o pFRS e os pontos de corte
para classificar a IAF apresentaram uma precisão similar ou superior comparada à
de estudos prévios. Em conclusão, os nossos resultados mostram que os dados de
acelerometria permitem predizer de precisamente o GE e classificar corretamente
a IAF em doentes com obesidade severa e também predizer o pFRS de forma pre-
cisa em sujeitos com pesos entre o normal e a obesidade severa. Portanto, futuros
estudos podem adotar equações de regressão e pontos de corte apropriadamente
desenvolvidos para os obesos e também facilmente determinar a intensidade da
carga mecânica em condições clínicas com a utilização de acelerómetros.
Palavras-chave: MONITORES DE ATIVIDADE, OBESIDADE, VALIDAÇÃO, CALO-
RIMETRIA INDIRETA, CARGA MECÂNICA
XVII

Abstract
Accelerometers have been widely adopted to objectively monitor physical activity.
Their most frequent use is to determine energy expenditure (EE) and physical acti-
vity intensity (PAI), but more recently they have started to be explored as a way to
predict skeletal mechanical loading. However, almost all accelerometer calibration
studies were developed for non-obese people, hindering its application in obese pa-
tients. Therefore, the general aim of this work was to improve the accuracy of EE
and mechanical loading prediction and PAI classification, especially in obese pati-
ents. For this, the current work is structured in three parts: i) a literature review
with the theoretical background regarding accelerometers, their calibration process
and their use to predict EE and mechanical loading; ii) an original article developing
regression equations to predict the physical activity-related EE and cut-points to clas-
sify PAI in severely obese people based on several accelerometry metrics; and iii)
an original article developing accelerometry-based equations to predict peak ground
reaction forces (pGRF) on subjects with body mass ranging from normal weight to
severe obesity. The results revealed that all of our prediction models developed for
EE and pGRF prediction and our cut-points for PAI classification presented a similar
or better accuracy compared to other previously published studies. In conclusion, our
results showed that accelerometry data allow to accurately predict EE and classify
PAI in severely obese people and to predict pGRF in normal weight to severely obese
subjects. Therefore, future studies may adopt appropriate regression equations and
cut-points developed for obese people and also to easily determine mechanical loa-
ding intensity in clinical settings using accelerometers.
Keywords: ACTIVITY MONITOR, OBESITY, VALIDITY, INDIRECT CALORIME-
TRY, MECHANICAL LOADING
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1. General introduction

General introduction
There are plenty of evidence supporting the role of physical activity (PA) in he-
alth improvement and chronic diseases prevention (Guthold, Stevens, Riley, & Bull,
2018; Warburton & Bredin, 2017; Warburton, Nicol, & Bredin, 2006). These eviden-
ces contributed to the emergence of recommendations about the type, amount and
intensity of PA necessary to maintain or improve health in the general population
(World Health Organization, 2010), and also led to the need of accurate methods
to assess PA during daily living (H. J. Montoye, 2000; Plasqui, Bonomi, & Wes-
terterp, 2013) either subjectively or objectively. Accelerometers are among the most
common devices to objectively measure PA (Strath et al., 2013), but as they only me-
asure the body segment accelerations, their output needs to be translated into more
biologically meaningful information by a process called calibration (Welk, 2005).
Nowadays, the majority of calibration studies use the accelerometer output
to determine several cardio-metabolic parameters, such as energy expenditure (EE)
and PA intensity (PAI) levels (Migueles et al., 2017). However, other important uses
for accelerometry data is the estimation of biomechanical parameters relevant for
bone health, such a ground reaction forces (Neugebauer, Collins, & Hawkins, 2014).
Another important aspect of accelerometer calibration studies is that their ap-
plication is only valid for a population similar to the one used as the calibration sample
(Welk, 2005). Patients with obesity present several particular characteristics compa-
red to the non-obese population, as a low resting metabolic rate (Byrne, Hills, Hun-
ter, Weinsier, & Schutz, 2005), lower aerobic physical fitness (De Souza, Faintuch,
& Sant’Anna, 2010) and some biomechanical gait alterations (Bode, Croce, Quinn,
& LaRoche, 2019). As obesity is an increasingly prevalent condition (Guthold et al.,
2018), specific accelerometer calibration studies are needed for this population in or-
der to accurately predict their PA related parameters in order to use them to monitor
PA, exercise and their effects on health.
Therefore, the general purposes of this work were: i) to develop regression
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equations to predict EE and cut-points to classify sedentary activity and PAI in pa-
tients with severe obesity based on several metrics obtained from accelerometer
data; and ii) to develop accelerometry-based equations to predict peak ground reac-
tion forces (pGRF) on normal weight to severely obese patients. In order to attend
with these goals, this dissertation was structured in four chapters. The first chapter
consists of the general introduction, which presents some relevant background in-
formation concerning the dissertation main theme and the primary objectives. The
second chapter includes a narrative literature review regarding accelerometers, their
calibration process and their use to predict EE and skeletal mechanical loading. The
third chapter is composed of two original articles in which accelerometry-based pre-
diction models to EE and cut-points to classify PAI were developed, as well as se-
veral regression equations to predict pGRF using raw accelerometer data on normal
weight to severely obese patients. Finally, the fourth chapter presents the disserta-
tion general conclusions and future perspectives.
4
References
Bode, V. G., Croce, R. V., Quinn, T. J., & LaRoche, D. P. (2019). Influence of excess
weight on lower-extremity vertical stiffness and metabolic cost of walking. Eur.
J. Sport Sci..
Byrne, N. M., Hills, A. P., Hunter, G. R., Weinsier, R. L., & Schutz, Y. (2005). Meta-
bolic equivalent: one size does not fit all. J. Appl. Physiol., 99(3), 1112–1119.
De Souza, S. A. F., Faintuch, J., & Sant’Anna, A. F. (2010). Effect of weight loss
on aerobic capacity in patients with severe obesity before and after bariatric
surgery. Obes. Surg., 20(7), 871–875.
Guthold, R., Stevens, G. A., Riley, L. M., & Bull, F. C. (2018). Worldwide trends
in insufficient physical activity from 2001 to 2016: a pooled analysis of 358
population-based surveys with 1·9 million participants. Lancet Glob. Heal.,
6(10), e1077–e1086.
Migueles, J. H., Cadenas-Sanchez, C., Ekelund, U., Nyström, C. D., Mora-Gonzalez,
J., Löf, M., Labayen, I., Ruiz, J. R., & Ortega, F. B. (2017). Accelerometer data
collection and processing criteria to assess physical activity and other outco-
mes: a systematic review and practical considerations. Sport. Med., 47 (9),
1821–1845.
Montoye, H. J. (2000). Introduction: evaluation of some measurements of physical
activity and energy expenditure. Med. Sci. Sport. Exerc., 32(9 (Suppl)), S439–
S441.
Neugebauer, J. M., Collins, K. H., & Hawkins, D. A. (2014). Ground reaction force
estimates from ActiGraph GT3X+ hip accelerations. PLoS One, 9(6), e99023.
Plasqui, G., Bonomi, A. G., & Westerterp, K. R. (2013). Daily physical activity
assessment with accelerometers: new insights and validation studies. Obes.
Rev., 14(6), 451–462.
Strath, S. J., Kaminsky, L. A., Ainsworth, B. E., Ekelund, U., Freedson, P. S., Gary,
R. A., Richardson, C. R., Smith, D. T., & Swartz, A. M. (2013). Guide to the
5
assessment of physical activity: clinical and research applications. Circulation,
128(20), 2259–2279.
Warburton, D. E. R., & Bredin, S. S. D. (2017). Health benefits of physical activity:
a systematic review of current systematic reviews. Curr. Opin. Cardiol., 32(5),
541–556.
Warburton, D. E. R., Nicol, C. W., & Bredin, S. S. D. (2006). Health benefits of
physical activity: the evidence. Can. Med. Assoc. J., 174(6), 801–809.
Welk, G. J. (2005). Principles of design and analyses for the calibration of
accelerometry-based activity monitors. Med. Sci. Sport. Exerc., 37 (11 (Suppl)),
S501–S511.
World Health Organization. (2010). Global recommendations on physical activity for
health. Geneva: World Health Organization.
6
2. Literature review

Introduction
Physical activity (PA) has long been established as one of the main contribu-
tors to prevent chronic diseases and promote health (Kaminsky & Montoye, 2014;
Warburton & Bredin, 2017). Evidence shows that lack of PA leads to an increased
risk of cardiovascular disease, diabetes, hypertension, osteoporosis, several types
of cancer and a higher mortality risk (Guthold et al., 2018; Lee et al., 2012; Shiroma,
Sesso, Moorthy, Buring, & Lee, 2014). Given the relevant relationship between PA
and health, there is an increasing need of accurate and reliable methods of PA as-
sessment on daily life (H. J. Montoye, 2000; Plasqui et al., 2013; Strath et al., 2013).
These methods can be either subjective, such as questionnaires, or objective, as
direct observation and wearable devices (Strath et al., 2013; Troiano, 2005).
The most commonly used wearable devices to assess PA are accelerometers
(Strath et al., 2013). These are equipments that detect the body movement accele-
rations in one to three orthogonal planes (anteroposterior, mediolateral, and vertical)
(Chen & Bassett Jr, 2005). The accelerometers output can be either raw accele-
ration, usually expressed as gravitational acceleration units (g), or activity counts
(AC), which are processed data derived from the raw acceleration and are based on
manufacturer-specific algorithm (Chen & Bassett Jr, 2005; Basset Jr, Rowlands, &
Trost, 2012; Troiano, McClain, Brychta, & Chen, 2014). In both cases, the accele-
rometer output needs to be translated into more biologically meaningful information
through a calibration process (Matthews, 2005).
Currently, most calibration studies use the accelerometer output to determine
energy expenditure (EE) and PA intensity levels (Migueles et al., 2017; Mendes et
al., 2018) but they can be also used to estimate biomechanical parameters, such as
ground reaction forces (GRF) (Neugebauer et al., 2014; Fortune, Morrow, & Kauf-
man, 2014), to evaluate standing balance (Mayagoitia, Lötters, Veltnik, & Hermens,
2002), to detect the type of PA being performed (Bonomi, Goris, Yin, & Westerterp,
2009; Zhang et al., 2012), among others. Apart from the standard measure against
9
which the accelerometer output needs to be compared, calibration studies must ca-
refully define the sample characteristics, PA protocols and statistical approaches, as
these aspects can greatly influence the study internal and external validity (Basset
Jr et al., 2012; Welk, 2005). This led to the emergence of several different calibra-
tion studies in the literature with distinct methods to predict a given outcome variable
(Mendes et al., 2018; Matthews et al., 2018).
This current review aims to describe the literature regarding the use of accele-
rometers to measure EE, classify PA intensities and estimate GRF, as well as issues
about calibration and validation studies of these wearable monitors.
Accelerometers
As said previously, accelerometers are wearable devices used to measure PA
related variables (Chen & Bassett Jr, 2005). The first portable accelerometer was
developed in the 1980s (Wong, Webster, Montoye, & Washburn, 1981; H. J. Montoye
et al., 1983) and with the many technological advances since then, the use of such
devices in research is ever growing, with a major increase in the number of published
articles mentioning PA or exercise and accelerometers since the early 2000s (Figure
1).
From a technical standpoint, the working principle of most accelerometers is
based on a sensing element, the seismic mass, and a piezoelectric element. When
this system suffers an acceleration, the seismic mass causes a deformation in the
piezoelectrical element, generating an output voltage signal proportional to the ap-
plied acceleration (Chen & Bassett Jr, 2005; Yang & Hsu, 2010). The rate by which
this data is acquired is determined by the sampling frequency of the device, making
it responsive not only to the acceleration intensity, but to its frequency (Mathie, Cos-
ter, Lovell, & Celler, 2004). The signal is then filtered and processed before being
digitally stored by the equipment (Chen & Bassett Jr, 2005).
As an objective method to measure PA, accelerometers offer some advanta-
10
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Figure 1: Articles published by year with search terms “exercise or physical activity”
and “accelerometer or accelerometry”, Scopus.com, accessed 15 April 2019.
ges over subjective methods, such as questionnaires and PA diaries. They are ca-
pable of long term continuous data collection with low subject burden (Chen, Janz,
Zhu, & Brychta, 2012; Strath et al., 2013), are more accurate than questionnaires to
measure PA and sedentary behaviour (Celis-Morales et al., 2012; Matthews et al.,
2018) and can measure the full spectrum of daily activities, providing more detailed
intensity, frequency and duration data (Matthews et al., 2018; Strath et al., 2013).
On the other hand, accelerometers also present some weaknesses. They
cannot reliably account for some activities, such as cycling, climbing stairs, weight-
lifting and upper-body activities when worn at hip or lower back (Strath et al., 2013).
Also, different manufacturers have distinct proprietary algorithms to compute raw
data into AC, hindering the comparison of the accelerometer output between devices
(Plasqui et al., 2013). In addition, there is still no consensus on the best positioning
place for accelerometers on the body, and how to process the data (Troiano et al.,
2014).
Some decisions need to be made in order to conduct a research utilizing ac-
11
celerometers, such as the device sampling frequency, body placement, and which
accelerometer output data to use (either AC or raw acceleration). To assure that all
human movements are correctly captured by the monitor, the sampling frequency
must be at least twice the highest movement frequency, accordingly to the Nyquist
criterion (Chen et al., 2012). The first accelerometry studies utilized a sampling fre-
quency of 30 Hz, which was the acquisition limit of most equipments at that time, but
nowadays the recommendation ranges from 90 to 100 Hz (Migueles et al., 2017).
As to the body placement in which to wear the accelerometers, the waist is
the most common as it is the closest to the body center of mass (Chen & Bassett
Jr, 2005; Mendes et al., 2018). Other placements are the lower back (Brandes, Van
Hees, Hannöver, & Brage, 2012), wrist (Hildebrand, Hansen, Van Hees, & Ekelund,
2017), ankle (Fortune et al., 2014) and thigh (A. H. K. Montoye, Pivarnik, Mudd,
Biswas, & Pfeiffer, 2016). Among these body placements, the wrist has been gaining
popularity on the past few years, most due to its increase in prediction accuracy in
some recent studies (Phillips, Parfitt, & Rowlands, 2013; Hildebrand et al., 2017) and
its higher compliance compared with waist placement. These facts made the United
States National Health and Nutrition Examination Survey (NHANES) change from
waist to wrist placement in the 2011-2012 and 2013-2014 survey cycles (Troiano et
al., 2014).
Early studies on accelerometry utilized the AC since this was the only available
output variable at that time. Despite presenting moderate to high correlations with
measured EE (Nichols, Morgan, Sarkin, Sallis, & Calfas, 1999; Freedson, Melanson,
& Sirard, 1998) and GRF (Janz, Rao, Baumann, & Schultz, 2003), AC calculation
depends on proprietary algorithms that vary among manufacturers, causing different
accelerometers to produce different count values even when measuring the same
accelerations (Chen et al., 2012; Plasqui et al., 2013).
Recent technological advances have enabled to collect and store raw acce-
leration data at high frequencies, eliminating the need to summarize them into AC
(Bakrania et al., 2016). The use of raw acceleration entails some advantages, as the
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ability to extract time-domain and frequency-domain features from the data, allowing
to apply more advanced statistical and computational techniques in the calibration
process (John, Sasaki, Staudenmayer, Mavilia, & Freedson, 2013). It can also
enhance comparability among accelerometers from different manufacturers (Mendes
et al., 2018; Rowlands, Yates, Davies, Khunti, & Edwardson, 2016).
With these modern technologies and the recent endorsement to the use of raw
acceleration (Freedson, Bowles, Troiano, & Haskell, 2012), several metrics based on
raw acceleration have been developed, as the euclidean norm minus one (ENMO)
(van Hees et al., 2013), the mean amplitude deviation (MAD) (Vähä-Ypyä, Vasankari,
Husu, Suni, & Sievänen, 2015) and the activity index (AI) (Bai et al., 2016). The use
of these new metrics also complies with the recommendations for more transparency
(Intille, Lester, Sallis, & Duncan, 2012), since they are nonproprietary metrics, with
known properties and can be computed using open-source software.
Accelerometers calibration
As already discussed, the accelerometers output can be either AC, a dimen-
sionless unit, or raw acceleration, usually expressed as gravitational acceleration
units (g). Both outputs can indicate overall movement, but they need to be converted
into more biologically meaningful units in a process designated as calibration (Welk,
2005).
The calibration process can be either for value or unit calibration. Value ca-
libration examines the accelerometers validity, comparing the output measure with
a gold standard criterion measure that has biological significance (Basset Jr et al.,
2012). Unit calibration, on the other hand, analyses the accelerometer reliability by
measuring differences in the output among distinct units of the same device and
aims to reduce inter-instrument variability (Welk, 2005; Basset Jr et al., 2012). The
remaining of this section will address value calibration.
To execute a calibration research, scientists need to simultaneously collect
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accelerometer and criterion data on multiple subjects performing different activities.
These data will then be used to convert the accelerometer output into EE estimates,
time spent in different PA intensity categories, GRF, activity types, or other physiolo-
gical or biomechanical variable of interest, according to the criterium data collected
(Basset Jr et al., 2012). Regarding the criterion measure, several methods can be
used to validate EE predictions, such as direct observation, doubly labeled water,
room calorimetry and indirect calorimetry, with the latest being the most used (Basset
Jr et al., 2012; Mendes et al., 2018). Studies validating GRF prediction use mainly
force plates as criterion measure (Neugebauer & LaFiandra, 2018; Neugebauer et
al., 2014; Fortune et al., 2014).
Initial calibration research was mainly performed in controlled laboratory con-
ditions to evaluate accelerometer and criterion data agreement, while in more recent
studies the use of free-living activities is becoming more common, due to its greater
external validity (Welk, 2005; Matthews, 2005). Typical laboratory-based calibra-
tion studies, such as those performed by Freedson et al. (1998) and Nichols et al.
(1999), used progressively increasing speeds on a treadmill, ranging from slow wal-
king to running, and as result they usually displayed strong associations between AC
and measured EE using linear regression.
One of the main purposes of using accelerometers is to estimate EE in daily
living. Since locomotor activities are not the only tasks performed on everyday life,
laboratory research generally fails to provide a true evaluation of how well accelero-
meters perform under real-world conditions (Welk, 2005). Thus, many studies have
also assessed accelerometers validity using free-living activities in their test proto-
col. These studies usually include in their procedures a variety of sedentary (e.g.,
lying down, sitting, reading), household (e.g., sweeping, laundering, stair climbing),
and exercise activities (e.g., cycling, jumping jacks, squatting) along with locomotor
activities (A. H. K. Montoye, Mudd, Biswas, & Pfeiffer, 2015; A. H. K. Montoye, Dong,
Biswas, & Pfeiffer, 2016).
Despite the benefit of including activities that represent more accurately real-
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world conditions, calibration studies that utilize free-living activities have to consider
that the relationship between the accelerometer output and the criterion measure
for these activities is substantially different than that between criterion measure and
locomotor activities and, therefore, a single regression equation may not fully charac-
terize the data (Welk, 2005). To address this issue, Crouter et al. (2006) developed a
two-regression method that discriminates locomotor from lifestyle activities based on
the AC coefficient of variation. Crouter’s model exhibited an improved accuracy com-
pared to the methods available at that time and, since then, novel approaches based
on pattern recognition have been developed, some of them even more accurate than
the two-regression model (Farrahi, Niemelä, Kangas, Korpelainen, & Jämsä, 2019;
Basset Jr et al., 2012).
Attention must be paid to certain methodological aspects of accelerometer
calibration studies. First, the study sample must be representative of the population
in terms of age, weight or body mass index (BMI), and behavioral patterns (Welk,
2005; Strath, Pfeiffer, & Whitt-Glover, 2012). Thus, a few calibration studies have
been done for specific populations such as children (Phillips et al., 2013; McMur-
ray, Baggett, Harrell, Pennell, & Bangdiwala, 2016), adults (Freedson et al., 1998;
Hibbing, Lamunion, Kaplan, & Crouter, 2018), obese people (Aadland & Anderssen,
2012), and elderly (Evenson et al., 2015).
Second, since the accelerometer positioning on the body is one of the factors
influencing its output, distinct calibration needs to be done for each positioning (Welk,
2005). Furthermore, as accelerometers output can also vary among different units
of the same device, calibration research should employ multiple monitors to allow
this variability and avoid bias (Welk, 2005). Finally, a wide range of PA, representing
those usually performed by the target population, should be performed during cali-
bration procedures (Welk, 2005; Basset Jr et al., 2012). In addition, these activities
should also include lying, sitting and standing tasks and cover the entire range of
intensities, from sedentary to vigorous PA (Basset Jr et al., 2012).
Another key aspect of calibration studies is the statistical approach utilized. To
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translate the accelerometer output into an outcome variable (e.g., estimates of EE or
GRF), a usual method is to develop a regression model, mostly a linear regression
(A. H. K. Montoye, Begum, Henning, & Pfeiffer, 2017). But, as the vast majority of
calibration studies use multiple data points for each individual, they violate the linear
regression assumption of independence (Welk, 2005; Field, Miles, & Field, 2012).
One way to resolve this issue is to apply the linear mixed model approach, which
allow the repeated data to be modeled in the analysis (Field et al., 2012). Also, mixed
models have the benefit of permitting quadratic and cubic polynomial simulations to
be tested (Field et al., 2012).
The advantages provided by the application of mixed models have made
a significant contribution to the calibration studies, but nowadays more advanced
methods are gaining popularity, such as machine-learning techniques (A. H. K. Mon-
toye et al., 2017; Troiano et al., 2014). These techniques have the ability to model
not just the accelerometer output, but to use statistical summaries of the data in
time and frequency domains to describe more thoroughly the acceleration pattern
(Staudenmayer, He, Hickey, Sasaki, & Freedson, 2015; Farrahi et al., 2019). Thus,
machine-learning techniques have the potential to increase accelerometers predic-
tion accuracy, mainly for sedentary and non-locomotor activities, where regression-
based models show not to work well (A. H. K. Montoye et al., 2017). However,
if both machine-learning and regression models can achieve similar accuracy, the
regression models should be preferred, as they are simpler to apply and interpret
(A. H. K. Montoye et al., 2017).
One of the main goals of accelerometer calibration studies is to identify PA
intensity levels, which are usually classified according to the metabolic equivalent
(MET) based on EE as determined by direct or indirect calorimetry. A MET value
of 1 is equivalent to the resting metabolic rate, and PA intensities are classified as
follows: MET ≤ 1.5 — sedentary activity (SA); MET 1.6 to 2.9 — light PA (LPA); MET
3.0 to 5.9 — moderate PA (MPA); and MET ≥ 6.0 — vigorous PA (VPA) (Piercy et al.,
2018). A common strategy to classify PA intensity by accelerometry derived data is
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to develop a regression model with the MET as the dependent variable and calculate
the amount of accelerometer output required to attain each of the thresholds (Jago,
Zakeri, Baranowski, & Watson, 2007). However, an alternate method to achieve this
result is by the use of a receiver operating characteristic (ROC) curve (Welk, 2005;
Jago et al., 2007).
A ROC curve is a graphical representation of the sensitivity [true positives/(true
positives + false negatives)] and specificity [true negatives/(true negatives + false po-
sitives)] of different cut-points (Welk, 2005; Jago et al., 2007), plotting the sensitivity
on the y-axis and the 1 - specificity on the x-axis. The top-left corner coordinates (0,
1) are considered the perfect classification (Welk, 2005; Jago et al., 2007). A good
ROC curve would be the one with values rising steeply on the y-axis approaching
the top-left corner. This curve indicates that the method being tested has a high
sensitivity and a low false-positive rate, showing, therefore, favorable discrimination
properties (Welk, 2005).
Finally, the accelerometer calibration results must have its performance eva-
luated (Basset Jr et al., 2012). This assessment should ideally be conducted using
another sample from the target population, however, as the process to recruit, assess
and analyze data from another sample could be costly, a common approach is to
use a split-sample cross-validation method (Staudenmayer, Zhu, & Catellier, 2012).
One strategy would be to divide the study sample in two parts, one for calibration
and another for cross-validation. This, however, could be a problem when dealing
with small sample sizes (Staudenmayer et al., 2012). A procedure to overcome this
problem is the leave-one-out cross-validation (LOOCV) method, in which one parti-
cipant’s data is separated in a testing dataset, with the remaining participants in the
training dataset (Staudenmayer et al., 2012). This procedure is repeated until each
participant is used in the testing dataset.
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Energy expenditure prediction and physical activity intensity clas-
sification
The most frequent use of accelerometers, both in research and by the ge-
neral population as wearable devices, is to estimate the amount of energy spent
throughout the day or during PA and to quantify the time spent in each of the PA in-
tensity categories, as this is related with several health outcomes (Füzéki, Engeroff,
& Banzer, 2017; Adelnia et al., 2019; Menai, Hees, Elbaz, Kivimaki, & Singh-manoux,
2017). Since the first studies that employed these devices, there have been attempts
to translate their output into EE measures (Wong et al., 1981; H. J. Montoye et al.,
1983). These studies have evolved over time, as technology advances and new pro-
cedures and statistical methods are applied, but their general objective remains the
same, which is to increase the accuracy and detail of accelerometer estimates.
Freedson et al. (1998) conceived the first linear regression model to predict
EE, in kilocalories (kcal), from hip-worn uniaxial accelerometers AC in normal-weight
young adults. The study protocol consisted of three treadmill activities with speeds
ranging from slow walking (4.8 km.h-1) to jogging (9.7 km.h-1) and the criterion mea-
sure utilized was indirect calorimetry. The linear regression was developed with AC
and body mass (in kg) as predictors and was shown to strongly explain the varia-
tion in EE (R2 = 0.82). The accelerometer was positioned close to the body center
of mass in these studies based on the principle of linear relationship between ver-
tical acceleration and EE during locomotion. Nevertheless, this principle does not
hold true at higher running speeds and at non-locomotor activities (Lyden, Kozey, &
Staudenmeyer, 2012).
Swartz et al. (2000) were among the first researchers to include lifestyle ac-
tivities in their linear regression model of EE estimation. Although the inclusion of
free-living activities to the protocol addressed the issue of their underestimation ob-
served on the Freedson model (1998), a study comparing several regression equa-
tions (Lyden et al., 2012) showed that this improvement occurred at the expense of
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overestimating low-intensity activities. This owes to the fact that a single regression
equation cannot accurately describe both locomotor and free-living activities, as they
present different slopes (Crouter et al., 2006). Therefore, novel methods needed to
be developed to settle this issue.
To overcome the limitations of single regression models, Crouter et al (2006)
created a two-regression method. Their study utilized a uniaxial accelerometer po-
sitioned at the right hip and included walking and running at several speeds along
with lifestyle and sporting activities. To distinguish between locomotor and other ac-
tivities, an algorithm based on the AC coefficient of variation was conceived. If the
coefficient of variation per 10 seconds was less than or equal to 10, an exponential
curve would be applied (R2 = 0.70) and locomotor activities would be assumed. If
the coefficient of variation was greater than 10, a cubic curve would be applied (R2
= 0.85) and free-living activities would be assumed. This new approach was able
to successfully increase EE prediction accuracy compared to previous studies and
was also refined by the same group afterwards (Crouter, Kuffel, Haas, Frongillo, &
Bassett, 2010).
All studies mentioned earlier were validated in normal-weight individuals. Howe-
ver, the calibration study sample needs to be representative of the target population
(Welk, 2005; Strath et al., 2012) and there is a lack of accelerometer calibration stu-
dies in obese people. This population would perhaps be the one that would benefit
the most with information regarding PA related EE for the correct management of
weight loss programs. To address this issue, Aadland and Anderssen (2012) con-
ducted a calibration study with young to middle-aged patients with different degrees
of obesity severity (BMI from 30 to 50 kg.m-2). A hip-worn uniaxial accelerometer
was used while subjects walked on a treadmill at speeds from 2 to 6 km.h-1, with
increments of 1 km.h-1. To define MPA and VPA cut-points, based on 3 and 6 MET,
respectively, three different statistical methods, suggested by Welk (2005), were tes-
ted: linear regression, linear mixed model and ROC curves. Although the cut-points
defined by each of these methods deviated substantially from each other, most of
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them were remarkably lower than what was found on previous studies, suggesting
the need to apply specific cut-points for this population.
With technological advances, acquisition and storage of large amounts of raw
acceleration data have become possible. As a consequence, new acceleration me-
trics based on the raw signals, instead of AC, have been developed in the past few
years. A study by van Hees et al (2013) evaluated the performance of five distinct
metrics to separate the movement and gravity components in the acceleration signal
with robot and human experiments. Among these metrics, the ENMO had an overall
strong performance in the different experiments and was able to explain 34% of the
variance in daily EE in a sample of 63 women. In later research, several regression
equations were developed using the ENMO metric in children and adult samples
performing locomotor and free-living activities (Hildebrand, van Hees, Hansen, &
Ekelund, 2014). During the protocol, two different accelerometer devices were used
at hip and wrist placements. All of the regression equations presented an R2 greater
than 0.70.
Another study devised for the development of a new raw acceleration metric
was made by Vähä-Ypyä et al (2015). Various time- and frequency-domain features
were tested and the MAD, a time-domain feature which describes the typical distance
of data points around the mean, performed best in the ROC analysis. This metric
was posteriorly validated in a research (Vähä-Ypyä, Vasankari, Husu, Mänttäri, et
al., 2015) whose protocol consisted in walking and running on an indoor track while
wearing accelerometers at the hip. A gamma regression model was used to estimate
EE (r = 0.98) and cut-points for MPA and VPA were created with good accuracy (area
under the curve - AUC - of 0.97 and 0.99, respectively).
Bai et al. (2016) developed the AI, another metric based on raw acceleration
data. This metric removes the device systematic noise and then captures its acce-
leration variability. In this study, the accelerometer was positioned at the right hip,
and subjects performed sedentary, locomotor and lifestyle activities. The AI ability to
predict MET was compared against other metrics. AI showed an R2 of 0.72, greater
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than what was shown by both AC and ENMO (0.54 and 0.62, respectively). Also, in
the ROC analysis, AI was shown to perform better than the other metrics, specially
at sedentary and light activities.
Although many advances were accomplished in the past few years, future
directions should include an increase in collaboration between researchers from
distinct fields to enhance the development and application of improved analytical
methods (Mendes et al., 2018; Troiano et al., 2014). Also, the standardization of the
accelerometer metric used is necessary and would greatly increase comparability
among different estimates (Mendes et al., 2018). Finally, future calibration studies
should aim for more heterogeneous samples for a better generalization of their re-
sults (Mendes et al., 2018).
Ground reaction force prediction
Due to their higher accuracy, force plates are considered the gold standard
method for GRF measurement. Nevertheless, they are expensive devices and, due
to the nature of the equipment, their use is limited to laboratory conditions, and expert
technicians are needed to calibrate, collect and analyze data (Medved, 2000). Since
the assessment of GRF in field conditions is necessary to ascertain the effects of
daily life tasks-induced mechanical loading in bone mass and musculoskeletal injury
risk (Turner & Robling, 2003; Marques, Mota, & Carvalho, 2012; Martyn-St James &
Carroll, 2010), several strategies have been developed to enable this measurement
(Liu, Inoue, & Shibata, 2010; Koch, Lunde, Ernst, Knardahl, & Veiersted, 2016), par-
ticularly by the use of accelerometers (Fortune et al., 2014; Neugebauer, Hawkins,
& Beckett, 2012; Neugebauer et al., 2014; Neugebauer & LaFiandra, 2018).
Janz et al. (2003) made one of the first attempts to investigate the relati-
onship between AC and GRF. In their study, 40 children, from 6 to 11 years old,
wearing uniaxial accelerometers at the right hip performed a protocol consisting of
treadmill walking and running, and jumping. Although significant correlations were
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found between AC and peak GRF during the locomotor activities, these were only
weak to moderate (r = 0.33 for walking at 5.6 km.h-1 and r = 0.66 for running at 8.0
km.h-1). No significant correlations were found between AC and peak GRF during
jumping. Similar weak associations have also been found between AC and average
GRF in a posterior study (Garcia, Langenthal, Angulo-Barroso, & Gross, 2004).
More recent studies have used raw acceleration instead of AC and managed
to achieve better results. Rowlands and Stiles (2012) tested the correlation between
peak and average GRF and raw acceleration output of hip- and wrist-worn accele-
rometers during walking, running and jumping. Strong and significant correlations
were found for average GRF on both accelerometer placements (r ranging from 0.82
to 0.87). Fortune et al. (2014), using accelerometers placed at the ankle, tibia, thigh,
and waist during walking, were able to show a moderate to strong relation between
peak vertical acceleration and peak vertical GRF, for all placements, with ankle and
waist yielding the best results (R2 of 0.75 and 0.72, respectively). Also, Neugebauer
et al. (2014) developed an equation using linear mixed models to estimate peak verti-
cal GRF from the vertical acceleration, the subjects mass and the type of locomotion
(walking or running). However, their equation presented a bias of -50 N (130.4 N,
standard deviation), suggesting that the model consistently underestimated the peak
vertical GRF as compared with the reference values measured by the force plates.
The successful use of accelerometers to predict GRF allows researchers to
quantify the amount of mechanical loading during daily PA, and to estimate the mini-
mum loading needed to induce beneficial bone adaptations. Vainionpää et al. (2006)
conducted a prospective intervention study to evaluate the relationship between daily
PA, assessed by accelerometers, and bone mineral density (BMD) in premenopausal
women. Their results show that peak accelerations above 3.9 g significantly corre-
lated with 12 months changes on BMD at the femoral neck, trochanter, and Ward’s
triangle measured by dual-energy x–ray absorptiometry (DXA). BMD changes at the
lumbar vertebra L1 correlated with peak accelerations above 5.4 g.
There are other important biomechanical variables related to the osteogenic
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potential of load-bearing mechanical stimulation other than the GRF. Thus, Stiles
et al. (2013) tried to determine the peak acceleration cut-point that would relate to
a loading rate of 43 body weights per second (BW.s-1), as this threshold has been
considered to be beneficial to bone health (Bassey, Rothwell, Littlewood, & Pye,
1998). ROC curves were used to determine the thresholds for vertical and resul-
tant peak acceleration from hip-worn accelerometers and resultant peak acceleration
from wrist-worn accelerometers. The selected cut-points presented an AUC ranging
from 0.92 to 0.97, sensitivity from 92.3% to 98.2%, and specificity from 83.0% to
93.3% showing a good discrimination ability.
In a recent study, Stiles et al. (2017) attempted to associate accelerometer-
assessed PA parameters with bone health outcomes based on data from a large (n
= 2534) population survey, the UK Biobank. Raw accelerations recorded by wrist-
worn accelerometers and expressed as ENMO in milli-gravitational units (mg) were
associated with the BMD T-score derived from a quantitative ultrasound scanning
(QUS) at the calcaneus. Results showed that, for premenopausal women, spending
small amounts (1–2 minutes) of PA at intensities ≥ 1000 mg is related to higher BMD
T-scores, while postmenopausal women presented a lower intensity threshold of 750
mg.
Several studies have shown that objectively measured accelerations acqui-
red by activity monitors can reliably reflect mechanical loading (Stiles et al., 2013;
Neugebauer et al., 2014; Fortune et al., 2014) and can be related to bone health
outcomes such as BMD (Vainionpää et al., 2006; Stiles et al., 2017). Until now,
most studies have used uniquely acceleration values in association with bone he-
alth. Nevertheless, an important limitation of this approach is that the use of the
acceleration of a body segment does not represent mechanical loading and bone
strain, which are necessary stimuli for the bone anabolism (Kohrt, Bloomfield, Little,
Nelson, & Yingling, 2004). Therefore, future directions should include the use a pre-
diction model that translates the accelerometer output into GRF or another indicator
of mechanical loading, and then establish threshold values for PA parameters (such
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as intensity, frequency, and duration) related to bone health. Also, the establishment
of these thresholds could only be population-specific, as differences in age, sex,
body mass, and menopausal status have implications in the bone responsiveness to
mechanical loading and, consequently, in the minimal amount of mechanical strain
to elicit a positive bone anabolic response (Stiles et al., 2017; Deere et al., 2016).
Conclusion
Accelerometers are wearable devices that detect the movement acceleration
of a body segment. They have proven to be objective and reliable tools for moni-
toring daily life PA, providing objective data regarding the intensity, frequency, and
duration of it, and have been successfully used to associate PA behaviors and impor-
tant health outcomes. Nevertheless, the accelerometers output needs to be trans-
lated into biologically meaningful information through a calibration process against
a gold standard criterion measure. Currently, the main uses of accelerometers are
related to the estimation and determination of cardio-metabolic parameters, such as
EE and PAI levels, and, to a lesser extent, biomechanical variables as GRF. Over
time, with methodological and technological advances, the accelerometers calibra-
tion has evolved, using new study designs and statistical techniques, which allowed
the achievement of better prediction accuracy and validity. Future studies should in-
clude the collaboration of researchers from different areas, to contribute to advances
in data acquisition, storage, computing and transmission of the growing volumes of
raw acceleration signals.
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intensities in severe obese people based on several metrics obtained from hip and back 
accelerometer placement data.  
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methodology in a specific population. Because class II-III obesity prevalence has increased 
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fields that are devoted to understand the relation between physical activity levels in patients 
with severe obesity and their association with health outcomes. Our results enable future 
studies to adopt appropriate regression equations and cut-points for class II-III obese people 
rather than those established for non-obese people. Hence, we believe our findings would be of 
great interest to the Gait & Posture readers. 
 
This article presents several strengths: i) it is the first calibration study developed for patients 
with severe obesity using triaxial accelerometers; ii) calibration results were developed based 
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the accelerometer brand used and offers more transparency because the computation process 
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Please address all correspondence concerning this manuscript to me at 
joseflorenciosousa@gmail.com. 
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11 Abstract
2
3 Background: Almost all accelerometer calibration studies were developed for non-obese people, which
4 hampers an accurate prediction of energy expenditure (EE) and induces a misclassification of sedentary 
5 activity (SA) and physical activity intensities (PAI) in class II-III obese people.
6
7 Research Question: The purpose of this study was  to develop regression equations to predict EE and cut-
8 points to classify SA and PAI in severe obese people based on several metrics obtained from hip and back
9 accelerometer placement data.
10
11 Methods: 43 class II-III obese participants performed a protocol that included sitting and standing positions
12 and walking at several speeds. During the protocol participants wore an accelerometer at hip and back, and
13 respiratory gas exchange was measured by indirect calorimetry. Accelerometer metrics analyzed were:
14 activity counts, mean amplitude deviation and euclidean norm minus one. EE was predicted through linear
15 mixed models while cut-points to classify SA and PAI were obtained applying receiver operating
16 characteristic curves. Leave-one-out cross-validation data was used to calculate Bland-Altman plots,
17 prediction accuracy, Kappa statistic and percent agreement. 
18
19 Results: All prediction models presented a quadratic equation that had as predictors age and one of the
20 accelerometer metrics. Predicted EE indicated a good agreement and a root mean square error below 1.02
21 kcal∙min−1. Global classification agreement from developed cut-points was categorized as almost perfect
22 with a percent agreement above 84%. Prediction accuracy and classification agreement were similar among
23 accelerometer metrics in each position and between them in hip and back placement.
24
25 Significance: Hip and back accelerometer data collected in severe obese people allow to accurately 
26 estimate EE and to correctly classify SA and PAI. These results enable future studies to adopt appropriate
27 regression equations and cut-points developed for class II-III obese people rather than those established for
28 non-obese people.
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229 1 Introduction
30
31 Physical activity assessment by accelerometry is increasingly widespread in research field. Although it is
32 an objective method, data obtained by accelerometers should be translated into more interpretable
33 information. This can be achieved by a calibration process to determine a standard measurement(1). In most
34 of the calibration studies, linear acceleration recorded by accelerometer is converted into manufacturer-
35 specific units, usually mentioned as “activity counts” (AC). Unfortunately, this is an arbitrary unit defined
36 by manufacturers software applying their own approach (i.e., filters, amplifiers, algorithms). For this
37 reason, the meaning of AC is not the same among brands, which hinders the use of calibration results among
38 studies that utilize different devices. This situation has been inducing misconceptions and hampers
39 successful methodological decisions.
40
41 In the last years, several new metrics have been proposed to solve these limitations(2). These approaches 
42 provide standard metrics and have in common their construction based on acceleration (usually in g-units). 
43 Two of these metrics are mean amplitude deviation (MAD)(3) and euclidean norm minus one (ENMO)(4).
44 Their properties are known, and they are nonproprietary metrics. Further, they can be computed using open-
45 source packages, thus, meeting the recommendation for more transparency(5). Although low agreement
46 seems to occur in sedentary tasks, some findings have shown that, when applying similar methodology,
47 these universal metrics allow comparisons between results regardless of accelerometer brands(6).
48
49 Until now, calibration studies that applied these metrics have been done for children(7), adolescents(8),
50 adults(6, 7) and elderly(9). These studies are required because the results are only valid for a population with
51 similar characteristics to those of the utilized sample, such as age, body composition, physical fitness or
52 health condition(10). Obese people, especially those with severe obesity, are characterized by low resting
53 metabolic rate (RMR)(11), higher energetic walking cost(12) and lower aerobic physical fitness(13). These 
54 factors may promote different regression equations to predict energy expenditure (EE) and different cut-
55 points to classify sedentary activity (SA) and physical activity intensities (PAI), when compared with
56 calibration studies that use a normal body mass index (BMI) sample. Moreover, severe obese people present
57 often a high fat panniculus amount, that may introduce some noise in the accelerometer data, which, 
58 theoretically, might induce lower accuracy results in hip rather than in back placement(14).
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359
60 To our best knowledge, there is no calibration study based on raw accelerations developed for severe obese
61 people. Hence, a reference calibration for this population is necessary, wherein not only the new metrics
62 must prove to be valid, but also show an equal or superior accuracy compared with established AC units(1).
63 Therefore, the main purpose of this study was to develop regression equations to predict EE and cut-points
64 to classify SA and PAI in severe obese people based on several metrics obtained from hip and back
65 accelerometer placement data.
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466 2 Methods
67
68 2.1 Participants
69 Forty-three class II-III Caucasian adult obese individuals (11 males, 32 females; age: 42.6±9.2 yrs; height:
70 161.2±9.0 cm; body mass: 112.6±16.7 kg; BMI: 43.2±4.5 kg.m-2; percent whole-body fat: 48.5±5.1%;
71 X̄±SD) were recruited for this study. Before giving their written informed consent, participants were
72 informed about the purpose and protocol of the research. The study was approved by the local Ethics
73 Committee.
74
75 Height, body mass and body composition were assessed following the standard procedures by a mounted
76 stadiometer, a digital scale  and a dual-energy X-ray absorptiometry, respectively. Before attending the
77 protocol, participants were maintained awake in a lying rest position for 20 min to improve measurement
78 conditions of RMR.
79
80 2.2 Protocol
81 The protocol was divided into three parts. First, the participant rested in a sitting position for 10 minutes.
82 Second, the participant remained quiet in standing position for 3 minutes. Third, participant initialized an
83 incremental sub-maximal test on the treadmill, with no inclination, at 2 or 3 km∙h-1 (0.56 or 0.83, m∙s-1),
84 depending on the participant’s perceived comfortable walking speed. The treadmill speed increased 1 km∙h-
85 1 (0.28 m∙s-1) at each 4 min, with no rest time among speeds. The walking phase ended at 6 km∙h-1 (1.67
86 m∙s-1) or before if 60% of heart rate reserve was achieved or at the participant’s request. Participants were
87 not allowed to hold handrails during the walking phase.
88
89 2.3 Measurements
90 During the protocol, respiratory gas exchange was measured by indirect calorimetry using a metabolic cart
91 (Oxycon Pro Metabolic Cart, CareFusion, Höchberg, Germany). Oxygen uptake (VO2) and carbon dioxide
92 production (CO2) were measured breath-by-breath and averaged over 5 s epochs. Heart rate was also
93 recorded by a heart rate monitor chest strap. The values of VO2 and VCO2 were used to calculate EE with
94 the Weir's equation(15).
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596 Participants also wore two activity monitors, secured on the same elastic belt with a belt clip, during the 
97 standing and walking phase protocol, one at their right hip  and another at their lower back.
98
99 The activity monitors used were a GT9X Link (ActiGraph, Pensacola, FL, USA) that incorporates a primary
100 and a secondary triaxial accelerometers. Manufacturer software defines that AC are only obtained from
101 primary accelerometer data and these are computed according to proprietary procedures. The secondary
102 accelerometer was used to obtain raw acceleration data because, unlike the primary accelerometer,
103 manufacturer software does not apply any filtering on its data. Both primary and secondary accelerometers
104 were programmed to collect data at a 100 Hz sampling frequency. AC were computed based on resultant
105 vector data into 5 s epochs by manufacturer software.
106
107 2.4 Data processing and statistical analyses
108 Data processing and statistical analyses were conducted using R statistical software (R version 3.5.0, R
109 Foundation for Statistical Computing, Vienna, Austria). Subsequent data analyses for all parameters were 
110 conducted with the penultimate 30 s of sitting position, standing position and all walking speeds, ensuring
111 respiratory gas exchange steady state. The last 30 sec of each protocol period were not included in the data 
112 analyses to avoid the incorporation of transitional movements. MAD(3) and ENMO(4) metrics were
113 computed with GGIR package (version 1.6-7). All these metrics were computed based on resultant vector
114 raw acceleration, stored using 5 s epochs and expressed in milligravity units (mg). Then, the average from
115 5 s epochs of each protocol period was posteriorly used in statistical analysis.
116
117 Statistical analyses were registered in an open platform(16), where R code utilized in each analysis was
118 described and more detailed result information was presented.
119
120 Linear mixed models (LMM) were applied to predict  EE. Distinct LMMs were developed with data from 
121 hip and back accelerometer placement. AC, MAD, ENMO, sex, age, body mass and BMI were tested as
122 fixed effects, but only body mass and the accelerometer metrics have shown to be significant predictors.
123 Although random slopes have been tested, only the inclusion of random intercept has showed model
124 improvement. Linear, quadratic and cubic polynomial simulations were also tested, whereas the last one
125 did not contribute significantly to the models. Coefficient of determination (R2) was also calculated.
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6126
127 Cut-points that identify SA and PAI created from AC, MAD and ENMO were obtained applying receiver
128 operating characteristic curves (ROC), for both hip and back accelerometer placement data. The indices
129 used to summarize the cut-points were sensitivity, specificity and the area under the curve. RMR
130 represented by VO2 (ml∙kg−1∙min−1) data from sitting position period was used to calculate the metabolic
131 equivalent (MET) for each participant and were not used in the ROC analyses. Activities were classified
132 as: ≤ 1.5 MET – SA; 1.6–2.9 MET – light physical activity (LPA);  3.0–6.0 MET – moderate physical
133 activity (MPA); and >5.5 MET – vigorous physical activity (VPA)(17). LPA boundaries were provided with
134 SA and MPA cut-points.
135
136 The validity of equations and cut-points developed were posteriorly analyzed through leave-one-out cross-
137 validation (LOOCV) method. Dataset obtained from LOOCV were used in the following validation
138 analyses.
139
140 Agreement between EE obtained from indirect calorimetry and predicted EE was assessed by Bland-
141 Altman plots. Bias and the limits of agreement with 95% confidence intervals (LoA) were calculated.
142 Linear regression was applied to identify if there was any proportional bias.
143
144 The accuracy of predicted EE was assessed by mean absolute error (MAE), mean absolute percent error
145 (MAPE), and root mean square error (RMSE). Although there is no standard index nor threshold that
146 defines what is an acceptable error for the EE prediction, based on previous findings in this field (18), we
147 considered an accurate prediction those results that had a < 1.30 kcal∙min-1 RMSE.
148
149 Kappa statistic (κ) was used to measure the classification agreement of SA and PAI obtained from indirect 
150 calorimetry and those obtained from cut-points. Individual classification agreement analyses for SA, LPA,
151 MPA and VPA were done with unweighted Kappa method and  global classification agreement utilizing a
152 quadratic weighted Kappa method. A Kappa coefficient of <0 is considered poor, .00–.20 slight, .21–.40
153 fair, .41–.60 moderate, .61–.80 substantial, and .81–1.00 almost perfect(19). Percent agreement from global
154 classification was also calculated.
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7156 Accuracy comparison of predicted EE among accelerometer metrics in each hip and back placement was
157 analyzed using the absolute errors through the analysis of variance (ANOVA). Absolute errors were also
158 used to compare prediction accuracy between hip and back placement for each accelerometer metric by the
159 independent two-sample t-test. Absolute values of classification error were utilized to compare 
160 classification agreement among accelerometer metrics in each position through Kruskal-Wallis test and to
161 compare each accelerometer metric between hip and back placement through Wilcoxon rank-sum test.
162
163 The statistically significant value was set as α = 0.05.
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8164 3 Results
165
166 Table 1 shows regression equations developed for all accelerometer metrics from hip and back placement,
167 their R2 and accuracy indices. In all analyses R2 was higher than 0.85, MAE ranged from 0.67 to 0.79
168 kcal∙min-1, MAPE from approximately 14% to 18% and RMSE from 0.88 to 1.02 kcal∙min-1.
169
170 Bland-Altman plots in Figure 1 have presented in all analyses a good agreement between measured and
171 predicted EE, with an irrelevant bias (p > 0.05) and few data points outside LoA. Non-proportional bias
172 was detected (p > 0.05).
173
174 Table 2 presents the cut-points developed for all accelerometer metrics from hip and back placement with
175 their sensitivity, specificity and area under the curve. Individual and global classification agreement
176 analyses as well as percent agreement from global classification are also presented on Table 2. Individual
177 classification agreement analyses have shown that all SA classification was categorized as almost perfect,
178 MPA as moderate or substantial and VPA as moderate. All global classification agreements were
179 categorized as almost perfect with a percent agreement above 83%.
180
181 Comparison among accelerometer metrics in each position and between them in hip and back placement
182 has shown no significant differences in accuracy of predicted EE and in classification agreement (p > 0.05).
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9183 4 Discussion
184
185 The aim of this study was to develop regression equations to predict EE and cut-points to classify SA and
186 PAI in individuals with severe obesity based on several metrics obtained from hip and back accelerometer
187 placement data. Our results showed that all regression equations and cut-points developed for both hip and 
188 back placements are valid regardless of the accelerometer metric used.
189
190 Our results have shown that the new metrics based on raw acceleration allow to achieve similar calibration
191 results compared with established AC units. This was observed in estimated EE, with an almost equal
192 prediction error and in cut-points, with comparable classification agreement. These results seem to enable
193 to argue that raw acceleration metrics should be adopted rather than AC, since, beyond valid, they allow
194 greater calibration results applicability on different accelerometer types. However, currently there is no
195 consensus about the metric that should be adopted as reference(2). For this reason, we decided to utilize two
196 raw acceleration metrics that have gained prominence in the literature, so that future studies that assess
197 physical activity in severe obese people could compare with the metric that they consider most appropriate.
198
199 Calibration results between hip and back placement were also analyzed. Some researchers have already
200 shown that collected data can be slightly different depending on accelerometer placement on waist 
201 circumference(20) or BMI level(14). However, this does not seem to affect the study results, such as predicted
202 EE, if an adequate regression equation is applied to a specific placement(21). Our results seem to corroborate 
203 with those findings, since both hip and back accelerometer placement present similar accuracy of predicted
204 EE and equal classification agreement. Since back accelerometer placement has some utilization limitations
205 (e.g. uncomfortable device back pressure in sitting position), we advocate that hip placement should
206 continue to be used as conventional position on waist circumference.
207
208 Results found with regression equations showed good accuracy and are in line with previous calibration
209 studies(20, 22). Freedson et al.(22), who evaluated a non-obese sample in a treadmill protocol, also have shown
210 that most of EE variance can be explained by AC and weight data, with standard error of the estimate of
211 1.40 kcal∙min-1. Our prediction models were conducted through LMM, because independence assumption
212 among observations was violated with repeated measures (participants walking at several speeds) and
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213 traditional multiple linear regressions are not recommended in these situations(23). Other advantage from
214 LMM utilization was the inclusion of random intercept that improved prediction models. This statistical
215 option also allowed to verify a significant quadratic relationship between EE and accelerometer metrics.
216 These results support the findings obtained by Aadland et al.(24) who found the same relationship in obese
217 subjects that walked on a treadmill at several speeds.
218
219 The cut-points proposed here to classify PAI are substantially below from those proposed in the
220 literature(25). There is only one study that has analyzed obese-to-severe obese people that has applied a
221 similar methodology to ours, whose results cannot be compared, as they used a uniaxial accelerometer to
222 obtain AC, thus, the metrics do not mean the same(24). Comparing the cut-points of those studies that 
223 obtained AC from resultant vector data in non-obese people, we found that our MPA were more than 30%
224 lower(26, 27). Cut-points for severe obese people are also mostly below when metrics were based on raw
225 acceleration(7, 20), although with a smaller difference. Class II-III obesity has increased alarmingly in the
226 last years. An accurate measurement is essential to understand the true physical activity levels of these 
227 people and apply the correct strategies to diminish this disease. Hence, this study can be a step forward,
228 inasmuch as future researches can adopt appropriate cut-points for severe obese people instead of those 
229 developed for non-obese people.
230
231 Nowadays, due to its impact on health outcomes, one of the main research focuses in physical activity is to
232 quantify the amount of time spent in tasks with low EE (≤1.5 METs), generally called as sedentary. To
233 capture this category with cut-points, we decided to include a quiet standing position, which promoted an
234 EE around 1.0 to 1.5 METs in almost all participants. Therefore, what was measured was SA(17) and not
235 sedentary behavior which does not include standing position tasks(28). Although the inclusion of sedentary
236 behavior tasks in our protocol was not possible due to logistic restrictions, some studies have shown that
237 distinction between sedentary behavior and quiet standing position is difficult utilizing data obtained from
238 accelerometry(6, 9). Hence, the cut-point proposed to classify SA from the several metrics, theoretically,
239 could be also used to classify sedentary behavior. However, more studies are needed to confirm this
240 hypothesis.
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242 This study has some limitations. First, although a substantial part of the day is spent in a standing position 
243 and in ambulatory tasks performed at low walking speeds(29), our protocol did not include sufficient 
244 activities that have fully represented severe obese people lifestyle(1, 10). Second, a different sample for model 
245 validation was not available, thus a dataset created from LOOCV method was used as recommended for 
246 this situation(23).
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247 5 Conclusions
248
249 Hip and back accelerometer data collected in severe obese people allowed to accurately estimate EE and
250 correctly classify SA and PAI. These findings enable future studies to adopt appropriate regression equation 
251 and cut-points developed for class II-III obese people rather than those established for non-obese people. 
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261 Figure Legend
262
263 Figure 1. Bland-Altman plots of measured and predicted EE in all accelerometer metrics from hip (left
264 panel, A) and back (right panel, B) placement. Continuous thick lines show bias while dotted lines show
265 upper and lower limits of agreement.
266 Abbreviations: AC, activity counts; ENMO, euclidean norm minus one; MAD, mean amplitude deviation.
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Table 2. Regression equations, R2 and accuracy indices.
Accelerometer
Placement Metric
Regression equations R2 MAE MAPE RMSE
Hip AC EE (kcal∙min-1) = - 1.5333483 + 0.0167347(AC) - 0.0000050(AC2) + 0.0318617(body mass) 0.88 0.78 14.96% 1.02
MAD EE (kcal∙min-1) = - 2.3840820 + 0.0227323(MAD) - 0.0000126(MAD2) + 0.0385458(body mass) 0.90 0.70 14.28% 0.91
ENMO EE (kcal∙min-1)  = - 3.227561 + 0.043079(ENMO) - 0.000047(ENMO2) + 0.039445(body mass) 0.88 0.79 17.66% 0.99
Back AC EE (kcal∙min-1) = - 1.9328019 + 0.0220189(AC) - 0.0000147(AC2) + 0.0365243(body mass) 0.86 0.78 16.04% 1.02
MAD EE (kcal∙min-1) = - 2.5430811 + 0.0295663(MAD) - 0.0000264(MAD2) + 0.0398809(body mass) 0.90 0.67 13.83% 0.88
ENMO EE (kcal∙min-1) = - 4.135593 + 0.060027(ENMO) - 0.000093(ENMO2) + 0.041895(body mass) 0.88 0.74 16.18% 0.95
Abbreviations: AC, activity counts; ENMO, euclidean norm minus one; kcal, kilocalorie; MAD, mean amplitude deviation; MAE, mean absolute error; MAPE, mean 
absolute percent error; R2, coeffient of determination; RMSE, root mean square error.
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Table 3.  Proposed cut-points and their classification agreement.
ROC Kappa
Cutpoint
(5-s
epochs)
Sensitivity Specificity AUC (95% CI) Individual agreement
Global 
agreement
Percent
agreement
AC
Sedentary 68 1.00 0.98 0.99 (0.97-1.00) 0.95
Moderate 130 0.98 0.81 0.83 (0.73-0.93) 0.81
Vigorous 463 0.89 0.96 0.96 (0.92-1.00) 0.55
0.94 90%
MAD
Sedentary 45 1.00 0.98 0.98 (0.96-1.00) 0.95
Moderate 99 0.98 0.80 0.81 (0.71-0.91) 0.72
Vigorous 334 1.00 0.89 0.97 (0.94-1.00) 0.44
0.92 85%
ENMO
Sedentary 48 1.00 0.98 0.98 (0.96-1.00) 0.95
Moderate 68 0.98 0.80 0.81 (0.71-0.91) 0.75
Hip
Vigorous 216 0.90 0.92 0.96 (0.91-0.99) 0.46
0.93 87%
AC
Sedentary 35 1.00 0.99 0.99 (0.98-1.00) 0.97
Moderate 98 0.92 0.81 0.83 (0.73-0.92) 0.67
Vigorous 391 1.00 0.91 0.97 (0.94-0.99) 0.47
0.90 83%
MAD
Sedentary 35 1.00 0.98 0.98 (0.96-1.00) 0.95
Moderate 67 1.00 0.79 0.83 (0.73-0.92) 0.83
Vigorous 318 0.90 0.94 0.96 (0.93-0.99) 0.54
0.95 91%
ENMO
Sedentary 45 1.00 0.98 0.99 (0.97-1.00) 0.94
Moderate 51 1.00 0.79 0.82 (0.73-0.92) 0.83
Back
Vigorous 190 0.90 0.94 0.95 (0.92-0.99) 0.54
0.94 90%
Abbreviations: AC, activity counts; AUC, area under the curve; CI, confidence interval; ENMO, euclidean norm minus one; MAD,
mean amplitude deviation; ROC, receiver operating characteristic.
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Summary46 
There is no objective way to monitor mechanical loading intensity during exercise for bone health improvement.47 
We developed accelerometry-based equations to predict ground reaction force (GRF) in normal weight to severely 48 
obese subjects. These equations proved to accurately predict GRF, representing an easy way to determine intensity 49 
in clinical settings. 50 
51 
Abstract52 
Introduction: Currently, there is no way to objectively prescribe and monitor exercise for bone health 53 
improvement in obese patients based on mechanical loading intensity. Our aim was to develop accelerometry-54 
based equations to predict peak ground reaction forces (pGRF) on normal weight to severely obese subjects.55 
Methods: Sixty-four subjects (45 females; 84.6±21.7kg) walked at different speeds (2, 3, 4, 5 and 6 km.h-1) on a 56 
force plate equipped treadmill while wearing accelerometers at ankle, lower back and hip. Regression equations 57 
were developed to predict pGRF from accelerometry data. Leave-one-out cross-validation was used to calculate 58 
prediction accuracy and Bland-Altman plots. Actual and predicted pGRF at different speeds were compared by 59 
repeated measures ANOVA. Results: Variables included in the final equations were body mass and peak 60 
acceleration. Our results showed that the coefficients of determination on all equations were above 0.89 and that 61 
Bland-Altman plots indicated a good agreement between actual and predicted pGRF. All models presented an 62 
accurate prediction, with a mean absolute percent error (MAPE) below 6.7% and a root mean square error below 63 
104.1N. No significant differences were observed between actual and predicted pGRF for each walking speed.64 
Accuracy indices from our equations were lower than previously developed equations for normal weight subjects,65 
namely a MAPE approximately 3 times smaller, lower dispersion Bland-Altman plots and bias tending to zero. 66 
Conclusion: Walking pGRF in normal weight to severely obese subjects can be accurately predicted by 67 
accelerometry-based equations, representing an easy and accessible way to determine mechanical loading 68 
intensity in clinical settings. 69 
 70 
KEY-WORDS: force plates; raw acceleration; gait; mechanical loading; activity monitor. 71 
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 4 
Introduction  72 
 73 
Obesity is an increasingly prevalent problem worldwide [1] due to metabolic, cardiovascular and oncologic 74 
diseases associated with and reduced life expectancy [2]. Despite the first studies investigating the effects of 75 
obesity on bone mass showed that higher body mass was associated with higher bone mass [3], more recently, 76 
both mechanistic [4,5] and epidemiological evidence suggests that obesity compromises bone quality [6-8] and 77 
increases fracture risk [9-11]. Exercise is, in this context, a valuable aid in the management of obesity [12], its 78 
related cardio metabolic complications [13,14], and for improving bone health [15].  79 
 80 
However, not all forms of exercise produce equal bone health benefits [16,17], and a major limitation in this 81 
context is the inability to accurately control skeletal mechanical loading intensity. In addition, patients with 82 
obesity frequently have chronic joint pain [18], complicating further the prescription of impact exercise that has 83 
both osteogenic potential and a low probability of inducing joint discomfort. Since there is no way to currently 84 
control skeletal mechanical loading in the clinical setting, exercise prescription and monitoring is mostly done 85 
blindly, without a way to gauge the dose-response relationship between exercise and bone health outcomes.  86 
 87 
Accelerometers, small wearable devices that measure body accelerations (ACC), have been broadly used to 88 
objectively monitor physical activity levels [19,20] and its relation with cardiovascular and metabolic health 89 
outcomes [21]. More recently, accelerometers have started to be explored as a way to measure skeletal mechanical 90 
loading [22] by estimation of ground reaction forces (GRF) [23]. Force plates (FP) are the gold standard for GRF 91 
measurement [24] but are unsuitable for GRF determination in clinical settings. Considering their accuracy, 92 
portability and low cost, accelerometers have been proposed as ideal candidates to predict peak GRF (pGRF) in 93 
clinical settings [25-28], providing a way to monitor exercise-induced mechanical loading and therefore adequate 94 
exercise prescription and monitoring for improvement of bone health [17]. However, body mass is an important 95 
variable for ground reaction force prediction [27,26,25]. Therefore, despite initial studies have showed promising 96 
results in accelerometer derived pGRF prediction, these results are only valid for a limited body mass range (≈ 50 97 
– 90 kg) [28,27] leaving most patients with overweight and obesity out of accelerometry-based predictive 98 
equations.  99 
 100 
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5 
Considering the prevalence of obesity [29], its associated fracture risk [9-11] and that these patients are especially101 
prone to develop loading associated musculoskeletal injuries [30], there is a need to develop GRF prediction 102 
equations that are accurate for overweight and obese subjects in order to precisely determine and monitor exercise-103 
associated mechanical loading in these patients. Therefore, the purpose of this study was to develop prediction 104 
equations based on accelerometer data able to accurately predict GRF on a broad range of body masses, from 105 
normal weight to severely obese subjects, setting thereby, a base for objective prescription and monitoring of 106 
exercise mechanical loads.107 
108 
Methods109 
110 
A 64 adult convenient sample with body mass ranging from 51.4 to 152.5 kg (19 males, 45 females; age: 34.9±11.6 111 
yrs; height: 162.8±9.6 cm; body mass: 84.6±21.7 kg; body mass index (BMI): 32.3±9.3 kg.m-2; X̄±SD) were 112 
recruited for this study. All participants presented no self-reported neurological impairments and were free from 113 
orthopedic or musculoskeletal limitations. Participants were informed about the purpose and protocol of the 114 
experiment before giving their written informed consent. The study was approved by the local Ethics Committee. 115 
116 
Data collection took place at Porto Biomechanics Laboratory (LABIOMEP-UP), in an instrumented front-back 117 
split-belt treadmill with built-in FPs (AMTI Corporation, Watertown, MA, USA). Before starting the protocol, all 118 
participants performed a practice walking on the instrumented treadmill to get familiarized with the testing 119 
procedure. The protocol consisted of walking in several incremental speeds, in the following order: 2, 3, 4, 5 and 120 
6 km.h-1 (0.56, 0.83, 1.11, 1.39, 1.67 m.s-1). Our experience shows that the utilization of progressive incremental 121 
speeds improves the patient’s familiarization with the treadmill, which is of particular importance in severely 122 
obese patients unaccustomed to perform these tasks. Each speed lasted 1 minute with no rest time among speeds. 123 
Participants were asked to look straight ahead while walking and were not allowed to hold handrails. To ensure124 
single foot contact on each FP during the trial, participants were provided with feedback as to their location on 125 
the instrumented treadmill by a researcher. All participants wore their own sports shoes throughout the trials. 126 
 127 
During the protocol, participants wore three activity monitors, one at their right hip (along the anterior axillary 128 
line, at the level of the iliac crest), another at their lower back (at the midpoint between the two posterior superior 129 
iliac spines) and the last at their right ankle (immediately superior to the lateral malleolus). Activity monitors at 130 
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 6 
waist level were secured on the same elastic belt with a clip and the activity monitor placed on the ankle was 131 
secured by an elastic belt fixed with adhesive tape. In all placements the accelerometer y-axis (vertical) was 132 
aligned with the longitudinal axis of the body, taking into account a standing position. All participants wore the 133 
same three activity monitors always positioned at the same places. 134 
 135 
Activity monitors used were the GT9X Link model (3.5 X 3.5 X 1.0 cm, 14 g; ActiGraph, Pensacola, FL, USA) 136 
that incorporates a primary and a secondary triaxial accelerometers. Because the manufacturer software 137 
automatically applies a proprietary filter on the primary accelerometer raw data, but not on the secondary 138 
accelerometer raw data, only data from this latter was utilized in this study. This option reduces any filtering-139 
induced bias and offers more transparency to our data processing allowing, therefore, higher replicability. 140 
 141 
The software supplied by the manufacturer was used to initialize the accelerometers and download the data 142 
(ActiLife version 6.13.3; Actigraph, Pensacola, FL, USA). Sampling frequency was set at 100 Hz. Raw ACCs 143 
from x, y and z components (expressed in gravity acceleration units; 1 g = 9.807 m.s-2) were exported to a comma-144 
separated values file format (.csv extension). FP data were collected at a 1000 Hz sampling frequency, operated 145 
through the manufacturer-supplied software (Netforce, Version 3.5.1; AMTI Corporation, Watertown, MA, 146 
USA). FP data were exported to a text file format (.txt extension).  147 
 148 
FP and accelerometer recorded data were then further processed using MATLAB (Version 8.3, Mathworks, 149 
Natick, MA, USA) according with the following procedures: initially, to limit the GRF and ACC noise magnitude, 150 
data were filtered using a Butterworth fourth-order low-pass filter, with a 20 Hz cut-off frequency. Then, both 151 
ACC for each monitor and GRF resultant values were calculated (𝑟𝑖 = √𝑥𝑖2 + 𝑦𝑖2 + 𝑧𝑖2). After that, peak ACC 152 
(pACC) values were defined as having a minimum height of twice the positive ACC average, during a given 153 
walking speed, and being separated by a minimum of 0.4 seconds. FP and accelerometers data were then 154 
synchronized using the following sequential steps: i) signal adjustment through the time set by the systems clock; 155 
ii) manual correction based on visual inspection for possible errors in time adjustment; iii) determination of pGRF 156 
as the highest values between 0.4 seconds before and after each pACC; iv) synchronization by the maximum 157 
cross-correlation coefficient of FP and accelerometer peak values for both the resultant and its vertical component. 158 
This synchronization process ensured a pGRF and pACC close to true matching. After that, the regions of interest 159 
for data analysis were manually selected where the walking patterns were constant, which corresponded of 30 to 160 
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7 
45s period, on average. Then, pGRF and pACC mean of the resultant and its vertical component for each 161 
participant in each walking speed was extracted and used in all of the remaining analyses. A median of 47 peaks 162 
(interquartile range 34 to 63) were used to calculate the pGRF and pACC means. 163 
 164 
Statistical analyses were conducted using R statistical software (version 3.5.2, R Foundation for Statistical165 
Computing, Vienna, Austria). All statistical analyses were registered in an open platform, where R code utilized 166 
for each analysis is described and more detailed information can be assessed [31]. 167 
168 
Regression equations developed by linear mixed models (LMM) were used to predict peak resultant GRF169 
(pRGRF) and peak vertical GRF (pVGRF). Distinct LMM were developed with data from accelerometers placed 170 
at the ankle, lower back and hip. Covariance structure used was an autoregressive process of order 1 and maximum 171 
likelihood method was used for estimating parameters. This covariance structure has been proposed as the most 172 
adequate for repeated-measures data such as ours [32]. Predictors tested on pRGRF models were body mass (kg) 173 
and peak resultant ACC (pRACC; g), while on pVGRF they were body mass (kg) and vertical ACC (pVACC, g).174 
All of them were tested as fixed effects and have shown to be significant predictors. Both random intercept and 175 
slopes were also tested, but only the random intercept inclusion has showed to improve the model. Linear, 176 
quadratic and cubic polynomial simulations were tested, but only the first two contributed significantly to the177 
models. In opposition to what could be expected, speed was not included as a predictor since this variable is 178 
difficult to access continuously and reliably out of laboratory conditions. Therefore, its use would be hindered in 179 
prediction equations based on data from activity monitors recording habitual physical activity. Final models were180 
chosen according to -2 log-likelihood statistics [32]. LMM analyses were conducted with nlme package (version 181 
3.1-137). Traditional coefficient of determination (R2) was represented by conditional R2, computed with 182 
piecewiseSEM package (version 2.0.2), that estimates the variance explained by the whole model. 183 
184 
Model validation was assessed by the leave-one-out cross-validation (LOOCV) method. This approach is 185 
recommended when a different sample is not available for cross-validation and it provides an insight on the model 186 
potential to predict outcomes in a new independent sample [33]. For LOOCV each participant’s data was separated 187 
into a testing dataset (one participant at a time) with the remaining data being in the training dataset. New LMM,188 
with the same outcomes and predictors as determined for the entire sample, were developed using the training 189 
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 8 
dataset and then used to predict pGRF for the participant in the testing dataset. This process was repeated for all 190 
participants (64 times). Data from the testing dataset was used in the remaining statistical analysis. 191 
 192 
Bland-Altman plots were used to examine the agreement between pGRF measured with FP and those predicted 193 
through the regression equations. The difference between the actual and predicted pGRF was plotted against their 194 
mean. Bias was expressed as the mean of these differences and the limits of agreement (LoA) were obtained using 195 
±1.96 standard deviation of the mean between actual and predicted pGRF [34]. Linear regressions were applied 196 
to the data derived from each accelerometer placement and for each outcome (pRGRF and pVGRF) to identify if 197 
the magnitude of the mean between the actual and predicted pGRF influenced the magnitude of their difference, 198 
and, therefore, to determine if the prediction equation accuracy was constant throughout the assayed magnitude 199 
range. [35]. 200 
 201 
To evaluate the models prediction accuracy, mean absolute error (MAE), mean absolute percent error (MAPE) 202 
and root mean square error (RMSE) were calculated. Although there is no standard index nor threshold that defines 203 
what is an acceptable error for the GRF prediction, based on previous studies in this field [36,28,25], we 204 
considered an accurate prediction results that had a < 8% MAPE. 205 
 206 
A series of repeated measures analysis of variance (ANOVA) were run to assess whether pGRF predicted from 207 
the regression equations were significantly different from those measured with FP. Walking speeds, accelerometer 208 
placements (ankle, lower back and hip), and the interaction effect (speed X accelerometer placements) were 209 
considered in the analysis. These procedures were taken separately for resultant and its vertical component. If 210 
assumptions of sphericity were violated (p < 0.05), the conservative Greenhouse–Geisser correction factor would 211 
be applied to adjust the degrees of freedom. Post-hoc analyses would be conducted using pairwise comparisons 212 
with Holm's test if a significant difference was observed among actual and predicted pGRF. 213 
 214 
Our equation was posteriorly compared with a previously published reference equation [27], in which Neugebauer 215 
et al. used a similar approach for the prediction of pGRF. Comparison was performed using the equation to predict 216 
pVGRF from hip-worn accelerometers, as it was the only suitable with our data. The analysis was performed in 217 
three ways using: i) a subsample of participants with normal weight or overweight (BMI t 18.5 and < 30 kg.m-2); 218 
ii) a subsample of obese participants (BMI t 30 kg.m-2); iii) the whole sample. Bland-Altman plots were used to 219 
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9 
confront the agreement between pVGRF measured with FP and those predicted using both regression equations. 220 
Also, to assess the prediction accuracy, MAE, MAPE and RMSE were calculated using pVGRF values predicted 221 
from both equations. 222 
 223 
The statistically significant value was set as α = 0.05. 224 
225 
Results226 
227 
We first determined the relationship between pACC and pGRF obtained during the incremental walking speeds 228 
used in our experimental protocol. This was performed in order to verify the consistency of this relationship for 229 
increasing pACC values and the ability of the accelerometer to discriminate differences in pGRF between subjects 230 
in different BMI classes. A scatterplot with these relationships for all three accelerometer placements tested and 231 
for both the resultant and its vertical component is depicted in Figure 1. Generally, as expected, pACC recorded 232 
by accelerometers in all placements, showed a linear increase as a function of pGRF increases. Also, the recorded 233 
accelerations were shown to be able to provide a good discrimination between different BMI classes, as for the 234 
same registered pACC the pGRF tended to be consistently higher for subjects in higher BMI classes. 235 
236 
Afterwards we developed pGRF prediction equations based on pACC recorded by accelerometers in each 237 
placement and body mass as these were the only variables, of all those tested, that were shown to be significant 238 
predictors. Table 1 shows the regression equations developed from accelerometer placed at the ankle, lower back,239 
and hip, their respective R2 and accuracy indices. Our results show that, for all equations developed, R2 values 240 
ranged between 0.89 and 0.95, with an average of 0.93, showing that all equations had a very good prediction 241 
ability. Also, MAE and MAPE were determined and were shown to range between 57.4 and 76.3 N, with an 242 
average of 66.8 N and between 5.4% and 6.7%, with an average of 6%, respectively, showing that our prediction 243 
errors were smaller compared to previously determined equations with MAPE ranging from 6.6% to 13.5% 244 
[28,27]. RMSE was also determined and was shown to range between 74.1 and 101.1 N with an average of 89.3 245 
N. The approximately 33% higher average of RMSE compared to the average MAE suggests that our equations 246 
prediction ability was moderately affected by outliers. Of the several equations developed, the equation predicting 247 
pRGRF based on hip-worn accelerometers was the one that showed the best performance, with the highest R2 248 
(0.95) and the lowest MAE (57.4 N), MAPE (5.4%) and RMSE (74.1 N). 249 
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 250 
Then, Bland-Altman plots (Figure 2) were built in order to graphically determine the agreement between actual 251 
and predicted pGRF for both the resultant and its vertical component and for all the accelerometer placements. A 252 
good agreement is considered when values tend to cluster around zero, showing, therefore, that there is no trend 253 
for the equation to under or overestimate the actual pGRF. For all the prediction equations developed, values 254 
tended to aggregate mostly around zero and between the LoA, which corresponds to r 1.96 SD. A trend for higher 255 
dispersion was observed in the pVGRF derived equations and mostly for participants with class III obesity. Again, 256 
the equation showing best performance and a higher degree of clustering around zero was the one derived from 257 
hip-worn accelerometers to predict pRGRF. To test the quality of the agreement, we performed a one-sample T 258 
test to assess if the bias was significantly different from zero. Results for all the equations showed that bias was 259 
not different from zero (p > 0.05), and, therefore, that our equations did not under or overestimate the actual 260 
pGRF. Moreover, to test if the prediction errors were systematically influenced by the pGRF magnitude, and, 261 
therefore, if the equations prediction accuracy was constant throughout the assayed magnitude range, linear 262 
regressions were determined. For lower back and hip placements, results showed a significant proportional bias 263 
(p < 0.05), however, with a low magnitude (highest R2 = 0.032). These results suggest that despite there is a trend 264 
for underestimation at increasingly higher pGRF values, the magnitude of this effect is neglectable. No 265 
proportional bias (p > 0.05) was detected for ankle derived equations. 266 
 267 
To investigate the existence of differences between the actual and predicted pGRF by all the equations developed 268 
and by all tested walking speeds, a repeated measures ANOVA was performed (Figure 3). Results demonstrated 269 
that, as expected, the actual and predicted pGRF increased significantly (p < 0.001) along with increments in 270 
walking speed and that there were no significant differences (p > 0.05) between actual and predicted pGRF in 271 
each speed. This shows that for all the equations, there were no significant differences between actual and 272 
predicted pGRF, within the range of tested walking speeds. 273 
 274 
Finally, in order to match the prediction accuracy of our equation with a comparable reference equation in the 275 
literature, we calculated the accuracy indices (MAE, MAPE and RMSE) for Neugebauer’s [27] equation using 276 
our data and compared it with our accuracy indices for the equation to predict pVGRF from hip-worn 277 
accelerometers (Table 2). Although this was not our equation with the best prediction performance, it was the 278 
only one comparable with Neugebauer’s data. Results were expressed for the whole sample and according to 279 
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obese or non-obese classification, in order to compare the equations performance across different body masses. 280 
The accuracy indices from our equation were all substantially lower compared to the reference equation indices, 281 
with an overall MAPE approximately 3 times smaller for our equation. For both equations, the MAPE was lower 282 
in the obese subsample than in the non-obese subsample. Bland-Altman plots were also built to confront the283 
different equations agreement between actual and predicted pGRF (Figure 4). A lower dispersion around the bias 284 
value, as well as a lower percentage of values falling off the LoA can be appreciated in our equation. Additionally, 285 
while the bias in our equation tended to be zero, in the reference equation bias was always > 0 (p < 0.05), showing286 
a consistent underestimation of pVGRF. 287 
 288 
Discussion289 
290 
The purpose of this study was to develop prediction equations based on body-worn accelerometers to accurately 291 
predict GRF on subjects with a broad range of body masses, from normal weight to severe obesity, setting thereby, 292 
the basis for the objective prescription and monitoring of exercise mechanical loads for bone health improvement. 293 
We, therefore, tested the ability of accelerometers placed on different body locations to estimate ground reaction 294 
forces and the agreement between predicted and actually recorded ground reaction forces throughout different295 
incremental walking speeds. Our results showed that raw ACC values obtained from different accelerometer 296 
placements, but especially from the hip, are well correlated with GRF throughout different walking speeds and 297 
that regression equations developed from accelerometer data are valid and accurate to predict pGRF during 298 
walking on a broad range of body masses. 299 
300 
All regression models developed showed an accurate prediction, below the 8% MAPE threshold established by 301 
us. For both the resultant and its vertical component, regression equations based on accelerometer placed on the 302 
hip showed the best prediction accuracy, with a MAPE around 5.5%. Equations based on lower back placement303 
performed similarly to the hip in terms of pRGRF (5.5% MAPE), but with a slightly lower accuracy in the vertical 304 
component (6.6% MAPE). As for the equations based on the ankle placement, although they showed a higher 305 
MAPE compared with other accelerometer placements (around 6.5% for both resultant and its vertical306 
component), they also presented an accuracy below the 8% MAPE threshold values. Moreover, for all307 
accelerometer placements, equations to predict pRGRF revealed slightly better accuracy indices than the308 
equations to predict pVGRF. 309 
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 310 
In addition to the small prediction error in our equations, our results showed a good agreement between actual 311 
and predicted pGRF, as represented by the Bland-Altman plots (Figure 2). Furthermore, repeated measures 312 
ANOVA (Figure 3) showed that when actual and predicted pGRF values were compared at each walking speed, 313 
no significant differences were observed, showing thereby that the prediction is accurately maintained throughout 314 
increasing walking speeds. 315 
 316 
For a long time, accelerometers worn at the hip have been well accepted for energy expenditure and physical 317 
activity intensity predictions [19]. However, there are no well-defined accelerometer placements for pGRF 318 
prediction. Previous studies have suggested that, besides the hip [37,27,26,25], lower back [38] and ankle [28] 319 
could be good placements for accelerometer-based pGRF prediction. These assumptions are supported by our 320 
results. However, although all three placements have shown similar accuracy and have proved to be useful in the 321 
prediction of GRF, hip placement presented a slightly superior prediction accuracy among the three placements 322 
analyzed. This reinforces hip placement as the established location to measure physical activity by accelerometry 323 
even in obese or severely obese individuals. 324 
 325 
Our data have also demonstrated that predictions could be made with both pVACC or pRACC, hence allowing 326 
pGRF prediction through both uni- or tri-axial accelerometers. Also, as the majority of GRF during walking seem 327 
to come from the vertical component, even those settings that have only access to uniaxial accelerometer data can 328 
obtain values of mechanical loading during walking. Nevertheless, prediction based on pRACC seems to offer an 329 
advantage, inasmuch as the predicted values do not depend on the accelerometer correct orientation, which is 330 
usually hard to guarantee outside laboratory conditions (i.e., measuring daily physical activity) [39,40]. 331 
 332 
Comparing our results with previous studies that used an analogous approach based on normal weight subjects 333 
only, shows that our accuracy indices derived from hip and ankle accelerometer placements were similar or even 334 
showed better accuracy. Considering hip placement, MAPE for pVGRF in our study was 5.7%, while formerly 335 
reported values ranged from 5.3% in military subjects with load carriage [25], to 8.3% in normal weight 336 
individuals [27,25]. Both our and previous results for pVGRF at ankle placement showed a MAPE around 6.5% 337 
[28]. No comparisons for pVGRF at lower back placement could be made due to the absence of similar previous 338 
studies. Nevertheless, MAPE of lower back placement was close to the results we obtained on the hip. Since this 339 
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is the first study to use pRACC to predict pRGRF, it is only possible to verify that our prediction models for 340 
pRGRF have a slightly smaller prediction error compared to the prediction models for pVGRF. 341 
342 
The slightly improved prediction observed in our study can be, at least partially, explained by the improved 343 
synchronization process used in our study which assured a very good matching between each pGRF and pACC 344 
measured by the force plate and accelerometer, respectively. Since other studies have used only pVGRF derived 345 
from a single step [27] or from an average of multiple steps [37,25] to match pVGRF with pVACC average, this 346 
procedure may have compromised the quality of the matching and, consequently, of the final prediction. 347 
348 
Besides validity, our regression equations surpass an important limitation of previous studies which is its 349 
applicability to a wide range of body masses. This was possible due to our large sample size, which encompassed 350 
subjects with BMI’s ranging from normal up to class III obesity and body masses from 50 to 120 kg, with evenly 351 
distributed increments of approximately 2 kg within this range. Therefore, unlike previous studies that presented 352 
regression models working properly only on people around normal BMI [28,27,25], the present models are more353 
robust, allowing an accurate walking pGRF prediction for the general adult population, including patients with 354 
overweight and obesity. Furthermore, this equation was developed in this body mass range using multiple walking 355 
speeds, thus, fully characterizing this type of locomotion, as recommended previously [27]. 356 
357 
Until now, almost all studies that attempted to associate bone health[41] and injury[42] with human movement 358 
have used as parameter only ACC values. Vainionpää et al. [43] reported in their study that less than 100 359 
mechanical loading events eliciting pVACC above 3.9 g (subtracting 1 g to account for the gravity ACC) per day 360 
were associated with an increase in proximal femur bone mineral density in premenopausal women. Yet, the use 361 
of ACC by itself entails an important limitation, since it only represents the ACC of a specific body segment and 362 
not a mechanical loading, which is a determinant factor for bone metabolism. Furthermore, mechanical loading 363 
expressed as force (in N) allows to directly compare results obtained by accelerometry data from different body 364 
placements. Therefore, future studies should aim to establish reference values for a given outcome based not in 365 
ACC, but in GRF, that can be easily and accurately estimated based on accelerometry data, as showed by our 366 
results. 367 
368 
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The results of our study allow the estimation of skeletal mechanical loading based on accelerometry data and open 369 
thereby the possibility to monitor skeletal mechanical loading induced by exercise in clinical and field conditions. 370 
Nevertheless, advances are still needed in this area, such as expanding the prediction equations to non-locomotor 371 
activities with an adequate accuracy and determine the relationships between predicted GRF and surrogates of 372 
bone metabolism such as changes in bone mass or in biochemical markers of bone turnover. This would allow for 373 
researchers to precisely determine the dose-response relationship between exercise and bone health outcomes and 374 
to establish intensity thresholds, both in terms of effectiveness and safety, for a given bone health outcome. 375 
376 
Whilst the models presented here are valid, some limitations ought to be noted. First, the prediction models377 
developed here are suitable for walking only, thus, not appropriate for other activities, such as running, jumping 378 
and activities with direction changing. Second, a different sample for model validation was not available. 379 
However, LOOCV was used, which is an advisable cross-validation method in these situations [33]. Third, 380 
evaluations were performed on an instrumented treadmill, which may induce some biomechanical changes in 381 
walking [44]. Nevertheless, although the use of a treadmill reduces external validity, at the same time it enhances 382 
the internal validity, as this equipment allows to accurately and continuously measure GRF [45]. Fourth, the same 383 
accelerometers were always positioned at the same places, which could not represent the overall population of 384 
monitors [39]. 385 
386 
In conclusion, walking pGRF could be accurately estimated by regression equations based on accelerometry data. 387 
These prediction models are valid using resultant or just the vertical component acceleration obtained from ankle, 388 
lower back or hip accelerometer placement. These results will allow to easily obtain trustworthy pGRF data from 389 
accessible equipment’s such as accelerometers enabling the objective prescription and monitoring of exercise 390 
mechanical loads in patients with increased fracture risk from normal weight to the severely obese.  391 
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Figure legends526 
 527 
Figure 1 Scatterplot of actual pRGRF versus pRACC (left panel, A) and actual pVGRF versus pVACC (right 528 
panel, B) from ankle, lower back and hip accelerometer placements. Data points of participants in different BMI 529 
categories are highlighted by markers with different colors and shapes. Linear trends for each BMI class are also 530 
depicted. 531 
Abbreviations: pRACC, peak resultant acceleration; pRGRF, peak resultant ground reaction force; pVACC, peak 532 
vertical acceleration; pVGRF, peak vertical ground reaction force. 533 
 534 
Figure 2 Bland-Altman plots of actual and predicted pRGRF (left panel, A) and pVGRF (right panel, B) from 535 
ankle, lower back and hip accelerometer placements derived equations. Continuous thick lines show bias (average536 
of the differences between real and predicted pGRF) while dotted lines show upper and lower limits of agreement 537 
(r 2SD). Data points of participants in different BMI categories are highlighted by markers with different colors 538 
and shapes. 539 
Abbreviations: pRGRF, peak resultant ground reaction force; pVGRF, peak vertical ground reaction force 540 
541 
Figure 3 Data represents the relationship between actual (measured by FP) and predicted by the regression 542 
equations developed from ankle, lower back and hip-worn accelerometers pGRF in the resultant (left panel, A) 543 
and its vertical component (right panel, B). For each speed, none of the predicted pGRF was significantly different 544 
(p>0.05) from the actual pGRF meadured (exact p value presented above each speed). Moreover, actual and 545 
predicted pRGRF and pVGRF significantly increased (p<0.001) along with speed increments. Actual and 546 
predicted pGRF values were systematically shifted in each speed (x axis) to avoid overlapping and facilitate result547 
interpretation/visualization. Data are presented as mean ± confidence interval. Abbreviations: pRGRF, peak 548 
resultant ground reaction force; pVGRF, peak vertical ground reaction force.549 
550 
Figure 4 Bland-Altman plots of actual and predicted pVGRF by our equation (left panel, A) and by Neugebauer’s 551 
equation [27] (right panel, B) from hip derived accelerometer data. Continuous thick lines show bias (average of 552 
the differences between real and predicted pGRF) while dotted lines show upper and lower limits of agreement 553 
(r 2SD). 554 
Abbreviations: pVGRF, peak vertical ground reaction force. 555 
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Table 1 Regression equations, R2 and accuracy indices. 
Accelerometer 
placement Regression equations R
2 MAE MAPE RMSE 
Ankle pRGRF (N) = 188.5506 - 2.0401(pRACC) - 6.9732(pRACC2) + 6.5685(body mass) + 1.8811(pRACC * body mass) 0.93 69.4 6.3% 91.4 
pVGRF (N) = 173.0649 + 17.9895(pVACC) - 24.8697(pVACC2) + 5.3546(body mass) + 3.1920(pVACC * body mass) 0.92 72.9 6.7% 98.2 
Lower Back pRGRF (N) = - 698.7031 + 1047.5129(pRACC) - 345.2605(pRACC2) + 3.8294(body mass) + 6.0219(pRACC * body mass) 0.94 62.1 5.5% 81.5 
pVGRF (N) = - 776.8934 + 1042.9052(pVACC) - 336.2115(pVACC2) + 6.2132(body mass) + 5.0805(pVACC * body mass) 0.89 76.3 6.6% 104.1 
Hip pRGRF (N) = - 300.9909 + 522.6850(pRACC) - 171.5606(pRACC2) + 3.9596(body mass) + 5.3671(pRACC * body mass) 0.95 57.4 5.4% 74.1 
pVGRF (N) = - 435.7365 + 586.6627(pVACC) - 188.9689(pVACC2) + 5.8047(body mass) + 4.9544(pVACC * body mass) 0.93 62.5 5.7% 86.3 
Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pRACC, peak resultant acceleration; pRGRF, peak resultant ground reaction force; pVACC, peak vertical 
acceleration; pVGRF, peak vertical ground reaction force; RMSE, root mean square error. 
Table 1 Click here to access/download;Table;Table_1.docx
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Table 2 Accuracy indices of ours and Neugebauer equation to predict pVGRF with data from accelerometers placed at hip 
Sample 
Our equation Neugebauer equation 
MAE MAPE RMSE MAE MAPE RMSE 
Normal weight and overweight 58.5 6.4% 76.7 173.0 18.0% 187.5 
Class I to III obesity 67.3 4.7% 96.6 175.7 12.6% 197.7 
Whole sample 62.5 5.7% 86.3 174.3 15.6% 192.2 
Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pVGRF, peak vertical ground reaction force; RMSE, 
root mean square error. 
Table 2 Click here to access/download;Table;Table_2.docx
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4. Conclusion and future perspectives

Conclusion and future perspectives
Through the literature review we could see that the accelerometers are suita-
ble devices for monitoring several PA parameters during daily life, as they are able
to continuously collect and store relevant data for long periods with a low subject
burden. Furthermore, we have seen that the accelerometers output needs to be
translated into more biologically meaningful information by a calibration process,
and that, currently, most calibration studies use accelerometry data mostly to pre-
dict cardio-metabolic-related outcomes, such as time spent in sedentary behaviour
and in different PAI categories. However, over the past few years, calibration studies
aiming to use accelerometers to predict biomechanical variables, such as the GRF,
have also been performed.
The first original study included in this dissertation addressed the problem
of accelerometers calibration to predict EE and classify PAI in patients with severe
obesity. Our results showed that hip and lower back accelerometer data allowed
to accurately predict EE and correctly classify SA and PAI during walking in this
particular population. Both AC and the metrics MAD and ENMO, which are based on
raw data, can be used to obtain accurate predictions, as they were all explored in this
work and showed similar results. The findings of this study will enable researchers
to adopt regression equations and cut-points specifically developed for patients with
class II-III obesity, rather than those built for non-obese people, obtaining, then, valid
and more accurate results.
The second original study focused on the calibration of accelerometers to
predict pGRF. It was observed that both the resultant and its vertical component
of the pGRF could be accurately predicted through raw accelerometer data during
walking in normal weight to severely obese patients, using accelerometers placed
at the ankle, lower back and hip. These results allow to easily obtain reliable pGRF
data in clinical conditions, enabling to accurately prescribe exercise and monitor the
mechanical loading in patients with increased fracture risk.
95
As these studies were performed in controlled laboratory conditions, future
studies in this field should aim at expanding the prediction of cardio-metabolic and
biomechanical variables to activities other than walking, and to consider the use
of free-living activities in the calibration process, which would enhance the external
validity comparing to laboratory-based calibration. Also, with the ability to accurately
predict mechanical loading in clinical conditions, future studies should attempt to
determine the relationships between predicted GRF and bone health outcomes, such
as changes in BMD and biochemical markers of bone turnover. This would allow to
establish the dose-response relationship between exercise and bone health and to
provide mechanical loading intensity thresholds for a given outcome.
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